Abstract-This paper presents an online approach for estimating the dynamic flexure model parameters in shipboard transfer alignment (TA). Traditionally, the application of Kalman filters (KFs) to the TA process is often restricted because of the lack of real-time information on dynamic flexure characteristics, and a KF designed on the basis of inaccurate parameters of the dynamic flexure model will result in a large alignment error. To overcome this difficulty, a parameter estimation algorithm is proposed in this paper, which utilizes the angular increment difference measured by the master inertial navigation system (MINS) and the slave inertial navigation system. Specifically, the Tufts-Kumaresan method is introduced to compute the unknown parameters of the dynamic flexure model from the angular increment correlation function. Our simulation results show that the proposed method can estimate the dynamic flexure parameters with a high degree of accuracy, even in low signalto-noise ratio conditions. This parameter estimation method does not require a priori knowledge of dynamic flexure characteristics and, therefore, provides the shipboard sensors with an accurate and rapid-response capability for alignment with the MINS.
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I. INTRODUCTION
M ODERN large ships are equipped with arrays of peripheral apparatus, such as radars, launching vehicles, and optoelectronic and other sensors, whose attitudes must be aligned to a high degree of accuracy in accordance with the main attitude system when in service. A solution to the shipboard transfer alignment (TA) problem, which uses gyro measurements of the master inertial navigation system (MINS) and the slave inertial navigation system (SINS), has been known for some time [1] - [3] . The common procedure of TA based on angular velocity or attitude is done by successively computing the difference of two gyro measurements through a real-time Kalman filter (KF) [4] .
However, as the ship's structure is elastic when subjected to wave-or wind-induced loads or a fast maneuvering operation, large dynamic flexure and bending may occur between the MINS and SINS coordinate frames, and this is one of the most important sources of error in TA [5] - [7] . To reduce the influence of dynamic flexure, many authors have studied ship's dynamic flexure modeling and compensation approaches [8] - [11] , among which the second-order GaussMarkov process is the most commonly adopted to depict the dynamic flexure according to its time characteristics. These studies [2] , [4] have demonstrated that the simple second-order Gauss-Markov process can give acceptable results in many applications. In [8] , the sensitivity of KF to the accuracy of the dynamic flexure model is studied, and the results presented show that the estimation error has a strong correlation with the accuracy of the model parameters. In [12] , it is shown that the performance of the KF-based TA is strongly linked to the accuracy of the dynamic flexure model employed.
Therefore, the most challenging task when applying a TA procedure with the KF is how to determine the dynamic flexure parameters accurately. Because of the complexity of the ship's structure and dynamics [13] , a pure analytical derivation of the dynamic flexure model parameters or dynamic flexure characteristics, such as frequency, magnitude, and damping ratio, is not practical. Traditionally, two alternative approaches have been considered: 1) analytical plus empirical and 2) purely statistical. In an analytical plus empirical method, the unknown parameters are simplified as functions of the correlation time and variance of the dynamic flexure signal. However, the values of the correlation time and variance are typically obtained from experience. Previous works [4] , [9] , [10] have shown that the performance of the KF is not highly sensitive to the value of the correlation time used. Obviously, this approach is far from ideal and cannot be adapted to various working conditions of shipboard TA. A purely statistical approach uses previous dynamic flexure measurement data to determine the model parameters, typically by a least squares fitting. This method is widely applied in airborne TA [12] , [14] , [15] , because experiments to collect dynamic flexure measurement data can be completed during the design and production process. However, owing to the complexity of the flexure of a ship's structure and sea-wave loading conditions, flexure measurement experiments are difficult and are rarely reported [16] .
Therefore, for shipboard TA application, the required dynamic flexure parameters are often calculated using an analytical plus empirical method. The complexity of different ship structures and the randomness of wave-load excitations make it hard if not impossible to obtain an accurate and robust model to meet the various requirements and operating environments. The alignment accuracy will inevitably be poor when the exact ship structure and actual work conditions differ from those used in estimating the dynamic flexure model parameters. It is highly advisable to adapt the dynamic flexure model parameters or to determine these parameters according to the specific working conditions, and this is the motivation for our work on online parameter estimation for the dynamic flexure model. More specifically, it is known that the dynamic flexure information exists in the gyro measurement difference between the MINS and SINS and this relationship can be utilized to calculate the unknown parameters. We propose an online parameter estimation method by utilizing the angular increment outputs of two gyro units in order to estimate the dynamic flexure model parameters more accurately and to adapt them under various work environments. In accordance with common practice, the second-order Gauss-Markov process, which has the same form with exponentially damped sinusoid (EDS) signals, is used to depict the dynamic flexure. The Tufts-Kumaresan (TK) method [17] , [18] is an efficient technique to solve for the frequencies and damping factor of EDS signals, particularly when the data length is short and the signal-to-noise ratio (SNR) is small. This motivates us to adopt the TK method for online parameter estimation of the dynamic flexure model. The simulation results obtained demonstrate that the parameters identified using the TK method have high accuracy in comparison with their corresponding true values. The proposed parameter estimation method requires no a priori knowledge of the dynamic flexure characteristics and works well even under low SNR conditions. The rest of this paper is organized as follows. In Section II, the ship misalignment angle measurement method and the Kalman filtering function are introduced. Section III presents the TK method for determining the parameters of the dynamic flexure model. Following this, simulation experiments are presented in Section IV. Finally, our conclusions and remarks are offered in Section V.
II. TA APPROACH AND DYNAMIC FLEXURE MODEL
In this section, the angular velocity matching method as a basic technique in the TA procedure is introduced. Following this, the dynamic flexure model and the KF function are presented.
A. Angular Increment Matching Function
Suppose that the MINS and SINS are each equipped with three orthogonal ring-laser gyros. As illustrated in Fig. 1 , the MINSs coordinates O m (x m , y m , z m ) have been aligned with the ship's body frame (b-frame), and the SINSs coordinates O s (x s , y s , z s ) are in accordance with the peripheral apparatus frame (s-frame). The total misalignment Euler angle between the MINS and SINS is ϕ(t), which includes a static component φ 0 and a dynamic component θ (t). If the misalignment angle is small, ϕ(t) is related to φ 0 and θ (t) by ϕ(t) = φ 0 + θ(t).
(
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where for notational simplicity we have dropped time t from ϕ, C s b (ϕ) denotes the transform cosine matrix from the b-frame to the s-frame,˙ θ is an additional velocity caused by the dynamic flexure of the s-frame relative to the b-frame, and the dot operator( •) represents differentiation with respect to time t.
The difference between the angular velocities measured by the MINS and SINS with respect to the b-frame is therefore given by
where I 3 denotes the 3×3 identity matrix. If the misalignment angle is small, (3) can be approximated as
where b i is a skew-symmetric matrix of the form
where (4) and (5) that the rank of b ib is r = 2, while the dimension of the vectors involved is n = 3. Since r < n, the differential equation (4) has no analytical solution. One approach to solve this problem is by processing through a KF based on an accuracy dynamic flexure model.
B. Ship Dynamic Flexure Model
A ship's dynamic flexure is caused by its motion due to waves and maneuvers and the vibration due to a variety of sources, and can be depicted using a second-order GaussMarkov process [2] , [4] , which has a correlation function of the form
where i indicates the x, y, or z coordinate, τ is the time lag, σ 2 i is the variance of the i -coordinate component of the dynamic flexure, α i is the damping factor, and β i is the circular frequency. The differential equation representing the ship's dynamic flexure with the correlation function given in (6) can be written asθ
where
is the square of the prevailing variation frequency and e i (t) is a Gaussian white noise (WN) with unit variance.
Given the parameters of α i , β i , and σ i , the optimal KF for TA can be determined. However, the characteristics of the dynamic flexure are often unknown. In most traditional studies, these parameters were estimated from previous ship trials or numerical analysis, which depend on many factors, such as the ship's structure, the sea station, ship's speed, and so on. The main contribution of this paper is to propose an online parameter estimation method for determining these parameters, so that the parameters used in the KF-based TA represent the true dynamic flexure model of the operating conditions that the ship is experiencing.
C. Kalman Filtering Function
For TA processing with a KF, the measurement function for (4) is presented in a standard matrix form as
where z and v are the 3 × 1 measurement and measurement error vector, respectively, while H and x denote the measurement matrix and the state vector, respectively. According to (4) , the state vector is of size 9 × 1, specified by
where T denotes the vector or matrix transpose operator, (φ 0x , φ 0y , φ 0z ), (θ x , θ y , θ z ), and (θ x ,θ y ,θ z ) are the three coordinate values of φ 0 , θ , and˙ θ , respectively, while the 3 × 9 measurement matrix is given by
The state equation for the KF is defined aṡ
where the state-space equation matrix F takes the form
with O l×m denoting the l × m zero matrix, and
The 9 × 1 state noise vector w has the covariance matrix
where E[•] denotes the expectation operator and diag{•} is the diagonal matrix.
In the procedure of TA, the KF acts as an observer, and the misalignment angle between the MINS and SINS frames can be optimally estimated by utilizing the dynamic flexure model. Let ϕ be the true misalignment angle between the MINS and SINS, and ϕ its estimate provided by the KF. The TA accuracy is specified by the alignment error vector
which can be evaluated as follows. Define the alignment error matrix
Then the alignment error vector is given by
at the i th row and j th column. Obviously, the alignment accuracy depends on the accuracy of the dynamic flexure model parameters α i , β i , and σ i used.
III. DYNAMIC FLEXURE MODEL PARAMETER ESTIMATION
In this section, a parameter estimation approach for the dynamic flexure model is proposed in which the TK method estimates the dynamic flexure model parameters based on the MINS and SINS gyro measurement samples.
A. Correlation Function for Parameter Estimation
As can be seen from (4), the dynamic flexure information is contained in the angular velocity matching function. In order to obtain the dynamic flexure model, an approximate relationship between the gyro outputs and the dynamic flexure angle is required. Since for the ring-laser gyros the outputs are the discrete-time angular increment signals, we first derive the discrete-time increment matching function based on (4) . Assuming that the sampling time period T is sufficiently small and by integrating the both sides of (4) over the time interval (t k−1 , t k−1 + T ), we obtain the angular increment matching function as
is the angular increment difference between the MINS and SINS gyro outputs, and k is a skew-symmetric matrix with the same form as (5), but whose components are the three coordinates of the MINS gyro increment at t k given by
where θ k and θ k−1 denote the dynamic flexure angles at t k and t k−1 , respectively.
According to [2] and [16] , typical magnitude of a ship's angular motion can be up to 10 degrees, while the amplitude of dynamic flexure can reach several millirads, with a corresponding period of several seconds. In high-accuracy TA, the course alignment in the TA procedure can estimate the static component φ 0 to an accuracy of several millirads and compensate it. Taking into account these conditions, the first term on the right-hand side of (20) may be removed, yielding
Furthermore, the above-mentioned conditions also ensure that 
It is worth emphasizing that (21) and, hence, (22) are derived from (20) by compensating k φ 0 , assuming that the static component φ 0 is known. We now investigate the relationship between the correlation function of k given in (22) and that of the second-order Gauss-Markov process. Recall that the latter, which is used to model the dynamic flexure, is given by (6) . Considering τ ≥ 0, (6) can be transformed as
where j = √ −1, and i indicates the x, y, or z coordinate, we have
in which * denotes the complex conjugate. If we denote the correlation operator by •, • , then the discrete correlation function of k is given by
T is the correlation function of θ k , which is given by (25), with n denoting the lag step. With the notation ofR
T and using i to indicate the x, y, or z coordinate again, we havẽ
Substituting (25) and (27) in (26), we obtain the correlation function for the angular increment difference as
It can be clearly seen that the correlation function of the angular increment difference k has the same form as that of the dynamic flexure angle θ k . Furthermore, α i and β i solved from (29) are the damping factors and circular frequencies of the dynamic flexure model, respectively, while the corresponding variances σ 2 i can be evaluated through (28).
B. Tufts-Kumaresan Method
The TK method is a common choice to resolve closely spaced sinusoids, particularly when the data length is short and the SNR is small, and it is considered to be among the best methods based on the linear prediction approach [19] . The TK algorithm [17] is briefly summarized below.
Given N samples of a sequence y(n) which is assumed to be composed of a sum of M EDS signals
where a l is the complex amplitude of the damped mode exp(s l ) = exp(−α l + jβ l ) with α l > 0, and q n is the unknown WN with variance σ 2 q . Using the complex conjugate data to set up the backward prediction function, we have
The prediction error filter polynomial
has zeros at exp(−s
Let the singular value decomposition of the data matrix A be given by where H stands for the matrix complex conjugate transpose, and the diagonal elements 
where u l and υ l denote the associated eigenvectors of AA H and A H A, respectively. Finding the roots of the prediction error filter polynomial of (35) yields the set of M zeros from which the M damped modes exp s l , 1 ≤ l ≤ M, can be determined. Then the amplitudes a l can easily be estimated based on the dataset {y(n)} described by (30) according to the least squares principle.
C. Dynamic Flexure Parameter Estimation Procedure
Comparing (27) with (30), it can be seen that these two functions have the same form. Therefore, the dynamic flexure model parameters can be estimated from the correlation function of (29) using the TK method described previously. Noting that only an estimate φ 0 is available for compensating the static misalignment angle component φ 0 , we have the following the iterative parameter estimation procedure based on the TK method. According to (29), the roots of the prediction error filter polynomial of (35) are in pairs of exp(−s * l ) and exp(−s l ), 1 ≤ l ≤ M, and we simply use one root from each pair to calculate the dynamic flexure parameters. In the simulation study, we will show that typically I T−K = 2 is sufficient. In other words, two passes of the TK algorithm are sufficient to obtain an accurate estimate of the dynamic flexure parameters.
IV. SIMULATION RESULTS AND ANALYSIS
We set up a simulation experiment to investigate the proposed online method for estimating the dynamic flexure parameters.
A. Simulation Experimental Setup
There exist many error sources that may affect the accuracy of parameters estimation, such as gyro measurement noise and input noise in dynamic flexure signals. These error sources are explicitly taken into account in setting up the simulation system. The diagram of the gyro signal sample generation and parameter estimation scheme is shown in Fig. 2 .
The ship's angular motion is obtained by solving the equation of motion [20] 
where M, B, and C denote the total mass, damping, and stiffness matrices, respectively, while Z (t) denotes the wave excitation force vector and ξ(t) denotes the principal coordinate vector of the ship's attitude. We assume that the wave excitation force Z (t) is a stationary process and that the hydrodynamic coefficients M, B, and C are time-invariant during the simulation process. The correlation function of the ship's angular motion can also been derived from a secondorder Gauss-Markov process, which is given by
where i again denotes the x, y, or z coordinate, while σ 2 ξ i , α ξ i , and β ξ i denote the variance, damping factor, and circular frequency, respectively, of the i coordinate of the ship's attitude angle. Table I lists the simulation parameters of ship's attitude angles used. The values of β ξ i and α ξ i are taken from our real data identification results, while the values of σ ξ i are set according to our experimental experience.
The WN process and two-colored noise processes having Pierson-Moskowitz (PM) spectrum [21] and Bretschneider (BS) spectrum [22] , respectively, were taken as the wave excitation force Z(t) in (38) to simulate the various motion conditions of the ship. Empirical ocean wave spectra, such as the PM spectrum and the BS spectrum, are widely applied in ship engineering. The PM spectrum [21] defined by a spectral peak frequency is given by
where ω denotes the wave frequency, ω p is the peak wave frequency, g is the gravity, α s = 8.1 × 10 −3 is the intensity of the spectrum, and β s = 1.25 is the shape factor. The BS spectrum [22] , on the other hand, takes the form
where H 1/3 is the significant wave height. We set ω p = 1 rad/s in both (40) and (41), and H 1/3 = 0.5 m in (41) to simulate the ship's angular motion. The dynamic flexure angle is simulated by (6) , and the variances σ 2 i , damping factors α i , and frequencies β i used to simulate the dynamic flexure are listed in Table II . The damping factors and frequencies are identified from our real to the dynamic flexure signal θ i . The SNR of the dynamic flexure signal is then defined by
where i indicates the x, y, or z coordinate. The static misalignment angle after the initial course alignment compensation is set as φ 0 = [3.5 mrad 3.5 mrad 3.5 mrad] T .
The ring-laser gyro signals are subjected to the bias error vector ε 0 and the random walk noise vectorε, whose parameters are listed in Table III . The simulated MINS and SINS gyro outputs are then used to estimate the dynamic flexure parameters and are processed through a KF to compute the misalignment angle for TA.
B. Simulation Experimental Results
Before we present our simulation results, it is worth recapitulating the purpose of identifying the dynamic flexure model parameters. The KF requires the dynamic flexure model to provide an estimate ϕ for the misalignment angle ϕ between the MINS and SINS. The TA accuracy is specified by the alignment error vector ϕ, which can be calculated according to (15) - (19) . Many practical applications require a high alignment accuracy. For example, shipboard tactical weapon systems often require the alignment error to be within 0.6 mrad. A simulation experiment was conducted to validate the effectiveness of the proposed method using the angular increment difference to estimate the unknown dynamic flexure parameters. We assumed that the total data length for TA was 600 s with the sample frequency of 20 Hz. All the results presented were obtained by averaging over 100 independent trials in the presence of randomly generated noise for simulating ship attitude, dynamic flexure, and gyro noise signals. The ship's motion data were generated under three conditions, namely, the wave excitation force vector was: 1) a WN process; 2) a colored noise process with a PM spectrum; and 3) a colored noise process with a BS spectrum.
1) Tuning the TK Method's Parameters Under WN Wave
Excitation Force: According to [17] , the performance of the TK method depends on its algorithmic parameters M, N, and L. The gyro sample length T of the sequence { k } used to calculate the correlation function R (τ ), 0 ≤ τ ≤ N, for the TK prediction function also obviously influences the performance. Therefore, we first determine the appropriate values for these parameters under the WN wave excitation force condition. The number of iterations in the iterative TK estimation procedure is set to I TK = 2, as we will show that this choice is sufficient.
As indicated in Section III-C, the solution of (35) yields a pair of roots for every damping mode and, therefore, we set M = 2 in the TK algorithm. After experimenting with different L values in the simulation, an appropriate value for L was found to be L = 6 s or 120 samples, which corresponded to approximately one period of the dynamic flexure. We also empirically determined the appropriate values for N and T using experiments in which the noise ς i (t) was added to the dynamic flexure signal. Note that samples of the correlation function R (τ ) are used to identify the dynamic flexure model parameters. To help selecting an appropriate value of the TK prediction sample length N, in Fig. 3 Fig. 4(a)-(c) , the estimation accuracy improves (smaller error bars) as the length T increases. Therefore, we set the gyro sample length T = 600 s for correlation function calculation.
We now show that it is sufficient to set the number of iterations in the iterative TK estimation procedure to I T−K = 2. With T = 600 s, N = 20 s, L = 6 s, M = 2, and SNR = 20 dB, we vary I TK and plot the resulting mean parameter estimation errors for the parameters α i , β i , and σ i , as well as the average alignment error, in Fig. 5 . It can be clearly seen from Fig. 5(a) -(c) that two iterations are sufficient to achieve a highly accurate estimate, and increasing the number of iterations further does not improve the parameter estimation accuracy. The algorithmic parameters for the iterative TK estimation procedure determined by this extensive tuning under the WN wave excitation force are summarized in Table IV .
2) Tuning the TK Method's Parameters Under Colored Noise Wave Excitation Force:
We also performed extensive tuning to determine appropriate algorithmic parameters for 
Colored noise wave excitation force with PM spectrum
Colored noise wave excitation force with BS spectrum
appropriate algorithmic parameters are similar to those determined under the WN wave excitation force condition. Specifically, for the wave excitation force with the PM spectrum, with the exception of the predictor length which should now be chosen as L = 8 s or 160 samples, the rest of the algorithmic parameters are the same as those for the WN wave excitation force. For the wave excitation force with the BS spectrum, we found that the appropriate algorithmic parameters are identical to those used under the WN wave excitation force. The algorithmic parameters used in the simulation for the iterative TK estimation procedure under the two colored noise wave excitation forces are also given in Table IV .
3) Estimation Results:
We first considered the case of noisefree measurements, namely, σ 2 Table V summarizes the means and standard deviations (in bracket) of the estimation results for the parameters α i , β i , and σ i under three different wave excitation forces. Clearly, the parameter estimates obtained by the iterative TK estimation procedure under three different ship motion conditions with the WN and two colored noise wave excitation forces, respectively, are very similar. Compared to the true dynamic flexure parameters given in Table II , it can be seen that the parameter estimates obtained by the TK algorithm are very accurate. The KF-based TA results obtained on the basis of these identified dynamic flexure models under the noise-free measurement condition of σ 2 ς i = 0 are shown in Table VI , where it can be observed that a highly accurate alignment is achieved. In particular, However, the alignment errors obtained under the two colored noise wave excitation forces were larger than those obtained under the WN excitation force. The largest alignment error was in the roll coordinate under the PM spectrum wave excitation force, which had the average value of 0.675 with the standard deviation of 0.4671. We next investigated the influence of the noise in the measurement by varying the SNR of the dynamic flexure signal from 12 to 32 dB. For each SNR, we generated the gyro samples under three different motion conditions of the ship to estimate the dynamic flexure parameters, and performed the KF-based TA using the estimated dynamic flexure models.
Figs. 6-8 show the average parameter estimation errors for σ i , α i , and β i , respectively. It can be seen that the average parameter estimation errors are small, indicating the accuracy of the TK algorithm. More importantly, the average parameter estimation errors and their error bars are similar across the range of the SNR values tested and there is no notable difference in the estimation errors under different ship motion conditions. This demonstrates the robustness of the algorithm in the noise-polluted shipboard environment as well as various ship motion conditions. With the estimated dynamic flexure models, the KF was capable of achieving highly accurate TA in noise-polluted environments, as can be seen in Fig. 9 . 
C. Discussion
Our primary aim is to derive an online estimation method for identifying the dynamic flexure model parameters required by the KF-based TA algorithm. From the estimation results presented in Table V procedure is capable of obtaining robust and accurate estimates of the unknown dynamic flexure parameters, and we have achieved our primary objective.
The results of Table VI and Fig. 9 confirm that the KF-based TA achieves reasonably accurate alignment. However, we note that the alignment errors obtained under the ship motion conditions generated by the two colored noise wave excitation forces with the PM and BS spectra, respectively, are considerably larger than those obtained under the WN wave excitation force. This happens despite the fact that the dynamic flexure parameter estimates have the same high accuracy under these three ship motion conditions. This observation actually reflects a fundamental issue in angular velocity-or attitude-based TA, and warrants a detailed discussion.
The formulation of the existing standard angular rate matching method is established under the assumption that the ship's angular motion and the dynamic flexure are two uncorrelated processes [2] , [4] , [9] , [10] , [23] . When the ship's angular motion and the dynamic flexure signal are all simulated using WN as driving or excitation forces, this assumption is met, and we observe the best alignment accuracy obtained under the simulation condition of the WN wave excitation force. When the wave excitation force used to simulate the ship's angular motion is colored, as in the cases of PM and BS spectra, the induced angular motion and the dynamic flexure becomes correlated, and we observe an increase in the alignment error, compared to the case where the ship's angular motion and the dynamic flexure are uncorrelated. It is worth emphasizing that the assumption of uncorrelated ship angular motion and dynamic flexure is in fact not very realistic. In real sea environments, the ship's angular motion and the dynamic flexure are the responses of the ship's structure to the wave loads and, therefore, they are likely to be correlated, in general. Thus, a coupling error is introduced by the projection of the additional dynamic flexure velocity on the ship angular velocity [2] , [3] . This coupling influence will significantly affect the TA accuracy. It is therefore critical to study how to remove or reduce this coupling error in order to improve TA accuracy. This will be the focus of our future research.
We now briefly discuss the implementation of our proposed estimation method for the dynamic flexure parameters in real applications. Shipboard implementation of our parameter estimation algorithm is relatively straightforward, provided that the ship's MINS and SINS are all equipped with ring-laser gyro units, and are capable of taking the discretetime measurements of the angular increments M and S that are induced by the ship angular motion. These two measured signals are processed to achieve time synchronization, and they are then used by the iterative TK estimation procedure, instead of the simulated signals as shown in Fig. 2 . Basically, the dynamic flexure parameters can be estimated directly using the measured gyro samples based on our proposed approach, as is illustrated in Fig. 10 .
V. CONCLUSION
An online ship dynamic flexure parameter estimation method was proposed for the application to KF-based shipboard TA based on the MINS and SINS gyro outputs. The relationship between the correlation function of the angular increment difference and that of the second-order GaussMarkov process representing the dynamic flexure model was presented, and the TK method was applied to identify the unknown dynamic flexure model parameters. Our extensive simulation results demonstrated that the proposed online parameter estimation method can accurately estimate the unknown dynamic flexure model parameters, and consequently enable the KF to achieve high-accuracy alignment using the estimated dynamic flexure model, under the noise-polluted shipboard environment. Our results also showed that the parameter estimation algorithm is robust to the measurement noise and the ship motion conditions. As the proposed method does not require a priori knowledge of the dynamic flexure characteristics, it provides a rapid means for the KF to perform accurate shipboard TA.
